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Abstract 
Understanding the evolution of traffic states in both time and space is a critical step toward improving freeway modeling and 
operations. Dual-loop detectors can a foundation for a uniform and comprehensive evaluation of traffic states, however, the 
multiple influencing factors derived from loop data lead to a combined effect which complicates the measurement. 
Furthermore, the goals and objectives of evaluation are inherently an expression of the various stakeholders affected by the 
traffic conditions, so the evaluation process and result must address the interests of all stakeholders. Therefore, this paper 
introduces a novel hybrid method based on Data Envelopment Analysis (DEA) and Analytical Hierarchy Process (AHP) 
using loop data. This method can evaluate traffic conditions of each freeway section relative to others by considering various 
stakeholders’ preferences in multiple performance measures. In particular, this research evaluates the traffic conditions of 6 
freeway sections in Seattle by incorporating two types of stakeholders’ preferences, and 5 measures are established on the 
basis of the 12-month loop data for the year 2010. As a result, the best sections and others’ performance gaps can be identified. 
The conclusions indicate the stakeholders can gain new insight into the overall traffic conditions behind multiple performance 
measures with our method, and the analysis of returns to scale can generate references for infrastructure investment and 
facilitate optimal allocation of resources. 
© 2013 The Authors. Published by Elsevier B.V.  
Selection and/or peer-review under responsibility of Chinese Overseas Transportation Association (COTA). 
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1. Introduction 
Effective evaluation of traffic conditions is a key issue involved in alleviating freeway congestion, improving 
operations and estimating travel time. With this clear understanding, administrators at any time can manage 
traffic congestion and incidents, Planners can determine whether congestion bottlenecks can be alleviated by 
improving operations or by minor capital improvements. Commuters can obtain the shortest route and travel time 
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estimation to plan their trips. The widespread availability of freeway sensor data makes detailed traffic condition 
analysis possible in ways that were not available in the past. Dual-loop detectors can provide researchers with 
historical and real-time data on time, volume (or vehicle count), occupancy (proportion of time the detector is 
occupied by vehicles), and speed. The reliable data sources provide a foundation for a uniform and 
comprehensive evaluation of traffic conditions. However, there are several issues needed to be addressed during 
the process.  
Firstly, as stated in previous work, quantifying the performance of traffic conditions is a challenging task 
because it is influenced by a large number of factors. Since the study relied on inductive loop detector data, 
multiple measures such as the lane-by-lane value of flow, occupancy, speed and so on, should be undoubtedly 
selected for inclusion in the complete evaluation. Besides, the resource investment and allocation leads to the 
joint outputs, including so-called desirable and undesirable outputs, such as vehicle volume, follower density, 
incidents or other outcomes accommodated or produced by the freeway. Therefore, the multivariate analysis of 
traffic conditions can be further refined into a multi-input-multi-output (MIMO) problem. 
Secondly, the goals and objectives of traffic conditions measurement are inherently an expression of the 
various stakeholders affected by transportation system. This includes not only the administrators and the planners 
of transportation but also the commuters that experience their trips. In the principles of some multivariate 
statistical methods, all the stakeholders are treated as Decision Makers (DM), who have preferences to which of 
the measures they consider to be “strong important”, ”equal important” or “less important” measures. 
Performance measurement should allow decision makers to compare actual performance with desired 
performance as well as to provide the basis for making decisions to improve traffic conditions. Therefore, it is an 
urgent need to proactively involve various kinds of decision makers in the evaluation process, and ensure the 
result to reflect their goals and objectives.  
Thirdly, identification of the need for and the effect of transportation infrastructure investment is particularly 
important in the measurement when development resources are scarce as in the case of developing countries or 
regions. From the perspective of public development agencies and planning authorities, investment of resources 
involves the identification and assessment of the need for infrastructure development as well as an accurate 
measurement of the need to allow for effective allocating of resources. Therefore, the analysis of transportation 
investment needs and optimal allocation of resources seem to exhibit returns to scale, which is of considerable 
importance for the multivariate analysis of traffic conditions. 
Therefore, a novel traffic conditions evaluation method by synthesizing Data Envelopment Analysis (DEA) 
and Analytical Hierarchy Process (AHP) is proposed. The method can devise an overall traffic conditions 
evaluation based on the multiple performance measures regarding various stakeholders’ preferences. To illustrate 
our method, an experimental study was undertaken with dual-loop-detector data from 6 freeway sections for the 
year 2012, and 5 measures were selected for inclusion in this multivariate analysis to evaluate the traffic 
conditions by incorporating two types of stakeholders’ preferences. It is hoped that stakeholders can gain new 
insight into the overall traffic conditions behind multiple performance measures with our method, and the 
evaluation results is helpful in identifying transportation investment priorities for specific regions and improving 
resource utilization among competing sectors. 
2. Related Work 
       In recent years, demands for a better understanding of the traffic conditions have stimulated a considerable 
research interest. Choe and Chen et al. [1,2] developed a freeway performance measurement system (PeMS) for 
all of California, while Bertini et al. [3] described the evolution of traffic conditions and measured bottleneck 
outflows by using this system. Although PeMS can assist users compute some basic performance measures by 
processing real-time detector data, it hasn’t devised an overall traffic conditions evaluation based on the multiple 
performance measures. Kamarianakis et al. [4] forecasted the traffic flow conditions in an urban network based 
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on data sets from loop detectors. They concentrated on statistical methods, such as ARIMA, VARMA, and 
STARIMA models, but took the relative velocity as the only measure for traffic conditions. Coifman et al. [5] 
mined the transit AVL (Automatic Vehicle Location) data to measure travel time and average speed over the 
freeway and thereby quantify the traffic conditions. However, although the AVL is expected to be an alternative 
solution for traffic monitoring without wayside detectors, the infrequently reported data make the measurement 
difficult. Turochy et al. [6] measured variability in traffic conditions by applying principles of MSQC 
(multivariate statistical quality control) to derive a variability index. In their study, the variability index is 
computed by measuring the size (spatial volume), mean speed, and occupancy with the detector data. While 
Catbagan et al. [7] analyzed and compared possible two-lane expressway performance measures and 
recommended the suitable measures that would best describe the traffic flow characteristics. They concluded that 
both of follower density and volume are promising measures observed from traffic detectors. The measures stated 
above are also proposed in our study to evaluate the traffic conditions. 
Data Envelopment Analysis (DEA) is a non-parametric programming-based performance evaluation model. It 
can be used to analyze the relative performance of a number of units. Recently, DEA found its way to 
transportation analysis in a variety of evaluations and it has been used in benchmarking of railways, aviation and 
airport performance evaluations, and public transportation systems evaluations. For example, Correia et al. [8], 
and Higgins et al. [9] outlined their experiences of evaluating airport service level and quality by using data 
envelopment analysis. Fu et al. [10], Karlaftis [11], and Boame [12] applied DEA to examine the technical 
efficiency of U.S. and Canadian public transportation systems. Cheon [13], Pathomsiri [14], Martinez et al. [15], 
presented various applications of DEA in evaluating productive efficiency of world container ports, rail transit 
systems and airport. In this paper, we introduce analytic hierarchy process method (AHP) into DEA to solve the 
performance evaluation problem involving multi-input-multi-output, VRS and Decision-Making preferences. 
3. Methodology 
In this section, we will briefly formulate and discuss our integrated evaluation method based on DEA and 
AHP, the steps in incorporation of stakeholders’ preferences and estimation of returns to scale will be introduced 
in the following subsections as well. 
3.1. Method Description 
Let us assume that there are n freeway sections to be evaluated, which can be written as: S= (S1, S2,...,Sn). 
Each section consumes varying amounts of m different inputs Xj to produce s different outputs Yj. The input 
measures can be any factors used as a resource by the freeway, for example, the time and transportation 
infrastructure. The output measures are the vehicle volume, occupancy density, incidents or other outcomes 
accommodated or produced by the freeway. Specifically, the input and output measures of Sj can be written as:  
We first establish the freeway conditions evaluation models by synthesizing the cone ratio DEA model 
(C2WH) and AHP. Our hybrid evaluation model can be expressed in linear program (LP) form (1) and dual form 
(2) as shown below. 
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In our measurement model, the Decision-Making preferences of stakeholders are introduced in the form of 
VAHP, V*AHP, UAHP and U*AHP generated using AHP at first, and then they are incorporated into DEA calculations 
for performance evaluation. 
The scalar variable θ in (1) and (2) represents the nonnegative performance score of each freeway section, 
and it ranges from 0 to 1. If Su (SuS) receives the optimal value θu = 1, then it is of relative high performance, 
but if θu < 1, it is of relative low performance.  
It should be noted that our method actually compares each roadway segment’s traffic condition with all other 
segments in the same set S, so the method can only be used for the evaluation of relative performance, not 
absolute performance. Besides the performance score θ in model (1) and (2), we also calculate another two 
variables: ω and μ , which reflect the relative importance of the input and output measures in stakeholders’ 
preferences.  
Based on the performance evaluation model, the following subsections will detail the measurement process of 
incorporating Decision-Making preferences and estimating returns to scale. 
3.2. Preference Incorporation 
The hybrid measurement model can incorporate preference within the evaluation in order to bring the results 
closer to the prior perceptions of stakeholders, in this section we will introduce how we incorporate Decision-
Making preferences into the evaluation models. The preferences are aggregated into “preference cones”, which 
are in the form of VAHP and UAHP (see model (1)).  
In model (1), the ( , )AHP m AHPV E IntV
+⊂ ≠ ∅ , which is a closed convex cone, is called “input cone”. While the 
( , )AHP s AHPU E IntU
+⊂ ≠ ∅ , which is a closed convex cone too, is called “output cone”. The “input cone” reflects 
the relative importance of each input measure, while the “output cone” reflects the relative importance of each 
output measure regarding various stakeholders’ preferences. Therefore, VAHP and UAHP can be also called 
“preference cone” as well.  The preference cones are calculated as follows. 
Firstly, we calculate the max eigenvalue γA of Am and γB of Bs. Secondly, we construct the input/output 
preference cones U, U*, V and V* as the following formula (3) (the Em and Es are identity matrices): 
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In the above steps, the AHP solution is used to provide a regional value of traffic stakeholders’ preferences. 
Since the regional value actually represents the preference weight region for input and output measures, the DEA 
model weighted by AHP proposed in our study is adopted to identify the optimal weight vectors in this solution 
region, and then evaluate the relative traffic conditions regarding preferences of various stakeholders. Therefore, 
this synthesis method can lead to a reasonable evaluation result that considers both objective loop-data 
characteristic and subjective stakeholders’ preferences. 
3.3. Return to Scale Estimation 
An accuracy estimation of returns to scale will be particularly helpful in identifying transportation investment 
priorities for specific regions and improving resource utilization among competing sectors.  
Based on DC2WH-AHP and DC2WY-AHP, we can perform returns to scale analysis on each Sj  (SjS). There are 
three types of returns to scale: increasing returns to scale (IRS), constant returns to scale (CRS) and decreasing 
returns to scale (DRS). 
To analyze the returns to scale, we need to compare the results of model (2) and that of model (4). The 
performance score θ and peer weight λ* are calculated from model (2), while the variable Φ is from model (4). 
When Φ=θ, the traffic conditions exhibit CRS; when Φ>θ, if ∑λ*>1, then the traffic conditions exhibit DRS, and 
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if ∑λ*<1, then the traffic conditions exhibit IRS. 
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When the traffic conditions of a freeway section exhibit increasing returns to scale, an investment in 
infrastructure development of this less-efficient region is found to be more effective by providing a higher rate of 
return. When the traffic conditions exhibit decreasing returns to scale, the public development agencies and 
planning authorities should be suggested to slow down the resource expansion, then turn to identify and improve 
any other factors that cause performance gaps. 
4. Experiment Design 
4.1. Data Collection 
To illustrate our approach, the traffic conditions are evaluated with respect of various preferences by using 
the monthly data from Jilin Highway Administration. The data is mainly derived from the loop detector network, 
taken at 20-second intervals. Our experiment covers the period from January 1, 2010 to December 31, 2010 and 
is for up to 6 sections on urban freeway network, the 12-month data for one section is treated as 12 sets of data 
from 12 different pseudo freeway sections. This generates 72 (12×6) data sets to be evaluated across time and 
space. The 6 freeway study stations are ES-059D, which is located on Yanji, southbound mainline; ES-215D, 
which is located on Yitong, southbound mainline; ES-539D, which is located on Dunhua, eastbound mainline; 
ES-676D, which is located on Tonghua, southbound mainline; ES-896D, which is located on Songyuan, 
eastbound mainline; and ES-940D, which is located on Liaoyuan, eastbound mainline. 
4.2. Computed Measures 
A large catalogue of measures can be computed from a stream of 20-second observations of loop detectors 
network and other surveillance systems. Six promising indicators including observation time, Investment amount, 
lane number, station total volume, station total occupancy, and station total weighted speed, which can reflect 
traffic conditions in a clear way, are derived for the assessment process. Other potential measures, such as 
incidents and vehicle length, are not analyzed. 
Among the 6 chosen measures, the observation time, investment amount and lane number are taken as the 
input performance measures, while the rest will be treated as the output performance measures used in our 
assessment models.  
4.3. Results and Analysis 
To discuss the merits of our method, we prepare the stakeholders’ preferences regarding the six input and 
output measures stated above. To simplify our discussion, we only consider the impact of subjective preference 
on the three output factors. Further, suppose there are two types of stakeholders, administrators and commuters. 
Administrators need to make strategic decisions on transportation infrastructure improvement occasionally, so 
they may prefer traffic volumes and vehicle density to flow speed. When they have “strong important” perception 
on the former, a judgment matrix Badmin can be calculated (see Section 3.2). On the other hand, commuters pay 
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more attention to the shorter travel time and more comfortable experience, so they may prefer vehicle speed and 
density to volumes. When they have “strong important” perception on the former, another judgment matrix 
Bcommuter is established. The two matrices are given as follows: 
1 1 5
1 1 5
1/ 5 1/ 5 1
adminB
⎡ ⎤⎢ ⎥
= ⎢ ⎥⎢ ⎥⎣ ⎦
                              
1 1/ 5 1/ 5
5 1 1
5 1 1
commuterB
⎡ ⎤⎢ ⎥
= ⎢ ⎥⎢ ⎥⎣ ⎦
 
Then the output preference cones Uadmin and Ucommuter can be constructed based on the Eq. 3.  By incorporating 
these preference cones into the Eq. 1, the performance evaluation results of these 72 dataset regarding two types 
of preference are calculated and shown in Fig. 1 and Fig. 2. Fig. 1 displays the preference score incorporating 
Uadmin, while Fig. 2 describes the score incorporating Ucommuter. The 6 series represent separately evaluation results 
of the 6 selected roadway segments. 
As stated in Section 3.1, the plotted points, which fall on the horizontal solid black line in Fig. 1 and Fig. 2, 
are identified as relatively high performance ones. While the other points, which fall below the horizontal black 
line, are all of relative low performance in these series, and the performance gaps can be further identified with 
reference to their values. As a result, the traffic conditions of February, March and June observed in ES-539D, 
the conditions of February observed in ES-896D, and the conditions of July observed in ES-215D are the best 
from administrator’s perspective. While the conditions of February, July and September observed in ES-896D are 
the best from commuter’s perspective. 
 
 
Figure 1 Performance score distribution with preferences of administrators 
 
However, from the above figures, it can be observed that the same freeway segment’s evaluation results may 
sometimes vary significantly across months. For example, the brown series in Fig. 1, which represents the ES-
215D, has a best performance score θ=1 at July, but surprisingly, it has a steeply falling at August and its score θ 
is just 0.887554. The average volume per minute Q/T and the average occupancy O/T of July is (58.358, 8.36%), 
while these measures of August is (51.151, 8.582%). The difference of the two-month measures causes the 
performance variation. There is still two issues should explained. Firstly, the reason, why the comparison of 
volume (58.358 > 51.151) leads to an undesirable result—occupancy (8.36% <8.582%), is that the weighted 
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average speeds V/Q of July and August are (58.99 > 55.74), so the higher speed results in a lower vehicle density. 
Secondly, the likely reason for the large variation in volume is that July is a month of atypical traffic flow 
characteristics because most of the region population takes vacation at that time, whereas August is considered a 
typical one. As expected, the volumes of Yitong southbound mainline are separately 58.358 and 51.151 in July 
and August. 
 
 
Figure 2 Performance score distribution with preferences of commuters 
 
Besides, according to the comparison of Fig. 1 and Fig. 2, we find that the same dataset‘ score θ with 
different preferences may also differ widely from each other. Once again, take ES-215D for example, the brown 
series has the best score =1 at July as shown in Fig. 1, but in Fig. 2 its capability score  is just around 0.6 when 
evaluation process incorporates commuters’ preference Ucommuter. The reason for this difference can be attributed 
to the impact of Decision-Making preferences. To help clarify these issues, we adopt Eq. 1 in (see Section 3.1) to 
calculate the preference weights of output metrics () and explain the discrepancy. The weights vector  for 
output metrics under different restrictions are shown below. 
When with administrators’ preferences Uadmin:. 
( ): 1.000 ( , , ) 4.22, 4.42,1.28
TT
July a volume occupancy speedS θ μ μ μ μ= = =  
When with commuters’ preferences Ucommuter. 
( ): ( , , ) 1.25, 4.09, 40.8 .5438
TT
July c volume occupancy speedS θ μ μ μ μ= = =  
It is obvious that the distinct output weights have imposed preference restrictions for the output measures. 
While the evaluation process adopts the preference cone Uadmin. “volume” and “occupancy” have the greatest 
impact on the final results. Since Sjuly of ES-215D holds a very high value for Q against the other 11-month 
datasets in Fig. 1. the performance scores of the other 11 datasets generally appear with relative low values. 
However, when the evaluation process incorporates Ucommuter, the measures of “speed” and “occupancy” have the 
greatest weights. Because all the datasets of ES-215D have nearly the same value for V except the dataset from 
November, the brown series has a relative smooth curve in Fig. 2, except for the eleventh point. This can explain 
the reason why Sjuly of ES-215D varies significantly with different output preference cones. 
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5. Conclusion 
In this paper, a novel traffic conditions evaluation method by synthesizing Data Envelopment Analysis (DEA) 
and Analytical Hierarchy Process (AHP) is proposed. The method devises an overall traffic conditions evaluation 
in multiple performance measures by using loop data, and it can evaluate the traffic conditions of each freeway 
section relative to others, as a result, the best sections and others’ performance gaps can be identified. Then, the 
method introduces a preference incorporation mechanism to involve a variety of stakeholders concerned with 
traffic conditions in the evaluation process, and ensure the evaluation results to reflect their goals and objectives. 
Furthermore, this method provides an analysis of returns to scale for traffic conditions, the analysis is particular 
helpful in identifying transportation investment priorities for specific regions and improving resource utilization 
among competing sectors. 
This research is limited in a number of aspects because of limited availability of traffic data. Besides the loop 
detector, future research is needed and should focus on other fixed and floating detection infrastructure (eg, 
automatic vehicle location systems). Furthermore, various important potential measures, such as ramp delay, 
accident rates, incident duration and so on, should be used together with loop data for a more comprehensive 
evaluation. 
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